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Introduction
Recovering waste heat from processes requires significant effort in the design and optimization of the working fluid as well as the thermodynamic cycle. Environmental regulations have been a driving force for the industry to seek novel working fluids since many conventional fluids are being phased out. This follows the Kyoto Protocol in 1997 and more recently new EU regulations from 2014 [1, 2] , which restrict the use of some working fluids currently in use [3] . However, design of a new working fluid poses a challenge and finding an optimum solution for a given application often results in a trade-off between cycle performance, and environmental and safety criteria. Furthermore, low-temperature (low-grade) waste heat sources pose additional challenges to make the recovery technically and economically feasible [4] [5] [6] . Amonst others, hydrofluoroolefins (HFOs) have been suggested as a potential future class of low global warming potential working fluids. However, data for such fluids is scarce in conventional databases [7] [8] [9] [10] . These issues have led to the development of several methods and tools for designing new working fluids and organic Rankine cycle (ORC) power systems.
Most of these methods are based on computer-aided molecular design techniques (CAMD) to design alternative or novel working fluids [11] . Papadopoulos et al. (2012 Papadopoulos et al. ( , 2010a Papadopoulos et al. ( , 2010b proposed a systematic design approach for working fluid generation for ORC units. Here, a weighted objective function based on scaled pure properties was proposed and used. As reported in their work, ten pure fluid properties are influential in the cycle performance and in the feasibility of the solution. Specifically, three of these process metrics are important to optimize. Initially [12] , the authors used the weighted objective function employing all of the important pure fluid properties. Subsequently, the problem was reformulated into a multi-objective optimization problem considering only five of the pure fluid properties [13] . Finally, the cycle performance was evaluated for one or more solutions. Palma-Flores et al. (2015) also proposed a method for choosing the optimal pure working fluid for an ORC unit using a CAMD approach. The objective function here was based on temperature dependent pure fluid properties.
Other authors have taken approaches which avoid CAMD method and start either with a set of chosen fluids or apply a reverse engineering approach. For example, Andreasen et al. (2014) proposed a methodology for working fluid selection for an ORC unit for use of low-temperature heat. Thirty pure and mixed working fluids were selected through optimization of the ORC unit. The fluids were ranked according to the objective function, which was the cycle net power output. Likewise a reversed engineering approach can be employed, where the optimal fluid properties are found through an optimization problem without regard tochemical feasibility or stability of the molecule. Molecules that then match these properties are found in a subsequent step. Such methods have been reported in several works and frequently such a solution approach has been found necessary due to the complexity of the thermodynamic model employed [17] [18] [19] . These methods are usually termed a continuous-molecular targeting approach (CoMT-CAMD). The works presented tend to optimize all the fluid properties, which is a difficult task, given the correlation between properties that may make the result in local optima [5, 20] . The issue of correlated properties also holds true when considering the detailed design of certain components in the ORC unit that cannot solely be based on primary fluid properties [21] .
The current state-of-the-art offers methods for designing fluids for organic Rankine cycle units from a sequential (or decomposed) approach, where the working fluid design and process optimization are carried out in separate steps. This results in sub-optimal solutions on account of high correlation between fluid and process variables. In this way, the methods are not able to obtain a global optimal design of working fluid and process.
In contrast, in the work we report here, for the first time, a simultaneous approach is prposed for integrated pure working fluid and process design for organic Rankine cycle power systems. We reasoned that such an approach would have the benefit of : i) a pre-screening step to avoid a sub-optimal starting point, ii) the design of alternative or new fluids that are environmentally friendly and have similar or improved cycle performance compared to conventional fluids, iii) a rapid search for the global optimum. The approach is based on the use of CAMD, property prediction and mathematical programming techniques to define the fluid-process targets and models, which are combined and solved simultaneously. Additionally we have included for the first time the design of bicyclic and branched cyclic molecules using CAMD.
This paper will first present the problem description, followed by the approach used and the models needed. Subsequently, the results for the simultaneous design strategy are presented and compared to a decomposed design strategy. The discussion section focusses on the sensitivity of the design variables, the advantage of the simultaneous approach, and on whether the global optimum is found. Finally, the novel fluid resulting from the optimization is compared to conventional fluids.
Methods
The integrated method employed in this work is summarized in the workflow shown in Figure 1 . Several methods were used to simultaneously design alternative or novel working fluids for the organic Rankine cycle process. CAMD was used to enable a model-based description as reported previously and ). Meanwhile, the cycle itself was described through classical mass and energy balances. Fluid properties (enthalpy (h), entropy (s) and fugacity (φ)), were predicted using the Soave-Redlich-Kwong (SRK) equation of state (EoS) [23] . The pure fluid properties were predicted by group contribution (GC) methods that calculate the properties from the molecular structure of the working fluids. For this, the method of Hukkerikar et al. (2012) was used to predict critical properties and the acentric factor. The method of Joback and Reid (1987) was used to predict the ideal gas heat capacity. Finally, the method of Hukkerikar et al. (2012) was used to calculate any missing group contributions for some groups and for the prediction of global warming potential (GWP) and ozone depletion potential (ODP). The GWP and ODP give a good indication whether or not the fluid complies with refrigerant regulations [2] .
The fluid and process design methods were applied to the design of an ORC unit which was proposed for waste heat recovery from internal combustion engines, [26] [27] [28] . In the case studied here the waste heat originated from a 37 MW marine diesel engine (model: 7G95ME-C9.5 with LP SCR & EGB tuning [29] ) from MAN Diesel & Turbo. Marine diesel engines produced significant amount of waste heat from exhaust gasses which can potentially be recovered for electricity generation. The resulting electricity could meet the electricity demand on the ship, cooling of ship containers or reducing the shaft work for propelling the ship. In all cases, the result would be a significant reduction in fuel consumption by reducing the load on main or auxiliary engines.
To match the cycle, a fluid also needs to be selected. The fluid should enable a high production of electricity and respect environmental and safety regulations. On this premise it was decided to search for acyclic, alicyclic and aromatic hydrocarbons that contain double bonds, fluorine and maximum one chlorine atom if fluorine and double bonds were present. This ensurs that the designed fluid has a low global warming potential and ozone depletion potential.. The selection was based on common fluids utilized in such cycles [16] and on guidelines from regulations [2, 3] . 
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A flowsheet of the ORC system is given in Figure 2 . The ORC unit contains a turbine, recuperator, condenser, pump and boiler. Here, the boiler is divided into three sections: preheater, evaporator and super-heater. A configuration with a recuperator was chosen such that the feed temperature of working fluid to the boiler is high. The modeling conditions used for the ORC unit are provided in Table 1 . The design of the ORC unit was considered at the 75 % load point of the diesel engine. The mass flow rate and the temperature of the exhaust gases were obtained from the CEAS engine calculation tool [29] . In order to accommodate on-board heating demands, for example fuel preheating, fuel tank heating and space heating, the exhaust gases were used to generate 2000 kg/h of service steam at 7 bar prior to entering the ORC unit boiler. In this way, the temperature of the exhaust gas was reduced by around 21 K. The exhaust gas temperature denoted in Table 1 is the temperature after the service steam boiler. The values indicate that 35 MW of heat was contained in the exhaust gas given the assumption of constant heat capacity. The efficiencies (η) for the pump and turbine are isentropic efficiencies. The seawater temperatures were fixed at 294 K at the inlet and 299 K at the outlet. 
Fluid targets
Based on an analysis of working fluid databases [7, 30] the following target properties were chosen, summarized in Table 2 . The bounds for critical temperature (Tc), critical pressure (Pc) and acentric factor (ω) are large in order not to restrict the search space,. Previous studies suggest that it is not possible to restrict the search space by confining the values of these three properties, let alone the value of ideal gas heat capacity (Cp,ig), since a global sensitivity analysis indicates no clear relationship between these properties and the ORC unit performance [31] . This was then a further argument for employing a CAMD method rather than a database search method, because it would require a combinatorial evaluation of all possible database entries. For the same reason, Cp,ig was not bounded, and Global Warming Potential (GWP) and Ozone Depletion Potential (ODP) are inherently addressed at the product type selection, however. All three properties were kept as constitutive variables and models were therefore required for their calculation. Bar
Cycle targets
In order to ensure feasible cycle results, the process variable specifications shown in Table 3 were selected. It was assumed that the sulfur content in the fuel was 3 % (by weight) giving a sulfuric acid dew point of 135 C [32] . The lower bound for the boiler feed temperature was therefore selected as (T3 = 408 K) to ensure that the minimum temperature in the exhaust gas boiler was always above the sulfuric acid dew point. By employing a high lower bound for the boiler feed temperature, it was necessary to recover a significant amount of heat in the recuperator. This was only possible for a few conventional fluids with very dry characteristics sich as Hexamethyldisiloxane (MM) [33] . Seawater was used as the cooling fluid in the condenser. 80% of Pc bar Furthermore, pressure loses were neglected in the ORC process.
Molecular working fluid model
The CAMD model uses a set of constraints that describe chemically feasible molecules in combination with GC property prediction functions. Among 220 first order groups available from Hukkerikar et al. (2012) the following groups were selected: CH3, CH2, CH, C, CH2=CH, CH=CH, CH2=C, CH=C, C=C, CF3, CF2, CF, CH2F, CHF, CHF2, HCClF, CClF2, CH2(cyc), CH(cyc), C(cyc), CH=CH(cyc), CH=C(cyc), C=C(cyc), CH2=C(cyc), CF2cyc, CFcyc, aCH, aC, aC-CH2, aC-CH, aC-CH3, aC-C, aC-CH=CH2, aC-CH=CH, aC-C=CH2 and aC-F. Through classification of the different structural groups based on their valencies, the octet rule (Eq. 1) provides a simple relation for the structural feasibility of a given collection of groups [34] :
Eq.
(2) ensures single bonds between groups. The parameter ni (1) is the number of first-order groups G1 of set i in the target molecule, υi the valency of group i and q is assigned the value of 1, 0 or -1 for acyclic, monocyclic or bicyclic groups, respectively. Bicyclic groups require additional constraints. Additional constraints were placed on the number (ni (1) ) of groups to keep it within lower and upper bounds, ni L and ni U , respectively:
A further constraint was placed on the total number of groups making up a given molecule:
Eqs.
(1)-(4) are valid for structural combination of first order molecular groups. However, these equations are only sufficient to describe acyclic molecules or monocyclic molecules with no branches. Thus, additional equations for this work were required. They were defined to allow for bicyclic and branched cyclic molecules with and without side branches. An equation was defined for structural constraints of alicyclic groups for monocyclic and bicyclic type:
Similarly, equations were defined for aromatic monocyclic and bicyclic molecules:
2 aC q n − ≤ (8) Further, an additional equation was defined for the number of branched chains on the cyclic molecule:
To ensure at least one fluorine and a double bond was present when a molecule with chlorine was designed, the following constraints were also included:
The SRK EoS equation was utilized [23, 35] . Its equations were provided in the supplementary material, Eqs. (7)-(12). 9
ORC unit model
The target for the process is to maximize the net power output, which is the difference between the turbine power and pump power:
This can be reformulated into an expression based on working fluid enthalpies:
The remaining equations for the ORC unit model are given in the supplementary material. Energy balances over the heat exchangers were defined for flow rate and UA calculation. The general equations used for the UA calculations (Eq. 14 and 15) were complemented by the equations given in the supplementary material: 
Mixed-integer nonlinear program for integrated design
Out of the molecular groups selected for design, six group contributions were missing for Tc, Pc and ω. The missing group contributions were calculated using the GC+ method and are provided in Table 4 The resulting mathematical program is a mixed-integer nonlinear program (MINLP). The model has 85 variables (21 discrete) and 132 constraints with 1112 Jacobian elements, 396 of which were nonlinear. The Hessian of the Lagrangian has 57 diagonal elements, 360 elements below the diagonal, and 67 nonlinear variables.
Software
The solution to the MINLP requires selection of a solution strategy and solver. LINDOGlobal was selected as the MINLP solver for the simultaneous solution strategy, being a global optimal solver that was documented to find global optimal solution even for possibly non-convex problems [36] . The software used was GAMS [37] , into which the MINLP was implemented.
Results and discussion
The solution of the MINLP containing the fluid design model and cycle model is summarized in Table 5 . The solutions obtained were in three parts; first the program solved for acyclic molecules, then alicyclic molecules and finally aromatic molecules. The results suggest that the optimal solution for an acyclic molecule is a hydrofluorocarbon giving 1.21 MW of net power output. The acyclic and aromatic solutions have slightly lower objective function values of 1.20 MW and 1.05 MW, respectively. The two cyclic compounds require sub-atmospheric pressure conditions in the condenser, althoug they require similar operational conditions in the cycle compared to the acyclic solution. The acyclic solution gives excellent environmental properties with a zero ODP and very low GWP value. To the best of our knowledge, the acyclic fluid is not available in any commercial or in-house databases. However, the synthesis could be performed from a hexane backbone or a double deoxygenation reaction of 2,2,3,3,4,4,5,5-Octafluoro-1,6-hexanediol, which is a common fluid (National Center for Biotechnology Information). The other two designed fluids are novel as well. In an industrial setting, these fluids need to be synthesized and then subsequently analyzed to obtain experimental properties before being tested in a pilot and full-scale organic Rankine cycle process. Figure 3 (B) Q-T diagram for the boiler.
A B
11 
Decomposed approach
For analysis of all the results, a decomposed solution approach was used. Here, the the fluid mixed-integer linear program (MILP) problem is solved independently and subsequently each solution is fed to the cycle (nonlinear program (NLP)). For the decomposed solution approach, the BARON solver was used for the MILP [39] and CONOPT solver for the NLP [40] . A decomposed solution strategy was then applied The first problem is an MILP that contains the molecular structure constraints and property prediction constraints with the product-related targets (Eqs. . The result is that in total 9124 candidates were identidied, of which 2062 fluids were found feasible for the ORC The ten best results are given in Table 6 . The results have been summarized only and the full list of results is provided in the supplementary material. 
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As expected, the highest net power output is achieved by an acyclic fluid and this matches the solution from the simultaneous solution approach. Figure 4 shows the entire spectrum of the objective function plotted against UA values for the heat exchangers. The figure indicated little correlation between the ORC performance and UA boiler size. However, a clear relation is seen with the condenser and recuperator UA values.
The case study clearly demonstrates the successful application of the integrated approach. Additionally, the decomposition data suggest that the best result matches the simultaneous approach and finds all possible solutions, although at the expense of extra resources. In the following section, the simultaneous and decomposed approach will be compared. The correlation between product properties and process variables will be discussed to support the decision made with respect to the simultaneous approach that has been proposed. Finally, an alternative optimization strategy will be presented, given the arguments on the issue with sensitivity between Ẇ net and UA-values.
Comparison with conventional approaches
The decomposed approach represents a conventional approach where, given a set of heuristic criteria, a set of feasible fluids are generated or selected. Subsequently, each fluid may be tested, designed and optimized in the cycle [15, 41] .
Decomposed approach
The simultaneous solution approach solved the entire MINLP simultaneously. The decomposed solution solved the product MILP and a subset of process NLP for each candidate fluid. This results in an equal separation of blocks of equations as given in Table 7 . In addition, continuous and discrete variables are given separately. Cumulatively, the number of variables in the MILP and NLP are larger than in the simultaneous MINLP due to the number of common variables. Product properties that are not constrained are calculated in post-phase as described in Table 7 . The difference in number of equations and variables is not necessarily negative, although it is clear that the resources required are significantly different (See Table 1 in the supplementary material). The time for solving the MINLP is 5.04 seconds. However, the solution time for finding all the 9124 fluid candidates is 5760 seconds (1.60 hours) and the resulting computation time for solving the NLP for all the ORC unit is 15002 seconds (4.18 hours). Thus, the total time for solving the decomposition problem is 20762 seconds (5.78 hours). The simultaneous solution is therefore the least computationally expensive. The argument for using simultaneous optimization is that the resources and time required is greatly reduced, because the high sensitivity between the two design problems requires a wide search space resulting in a combinatorial explosion. This sensitivity is illustrated in Figure 5 where three contours are plotted based on the decomposition results. In Figure 5 A the sensitivity of Tc, Pc and Ẇnet is shown and it can be deduced that there is no definite area where a specific combination of the two properties provide a high value of the objective function. On the contrary, the gradients indicate a high correlation that result in several scattered areas that have Ẇnet. The same is seen in Figure 5 .B with ω and Tc and in Figure 5 .C with Pc and ω. In Figure 5 , the numbers closest to 1 or -1 have the strongest correlation and any element that is higher than 0.5 or lower than -0.5 is marked red. It can be seen that there is a high correlation between several variables. Such as the correlation between Ẇnet with UAboiler (low), UAcondenser (high) and UArecuperator (high), which matches with the observations made in the case study result of Figure 4 . A correlation is also observed between the common variables and the process variables, such as Tc with UAboiler and Tc with P1. Thus, a decomposed approach is a sub-optimal approach because the fluid properties cannot be correlated with the process performance, therefore requiring that all feasible fluids to be tested. 
Heuristic selection of fluids
Alternatives to the decomposition method also exist. For example, a heuristic selection of a set of known refrigerants is a common method. However, this inherently leads to a sub-optimal design route because of the limited availability of fluids (due to regulations) and due to the fact that no specific set of property values can give an indication of the process performance. In the following it is shown that a selection of the conventionally highest performing refrigerants does not perform as well as the design solution found in this paper.
The global optimal fluid (2,2,3,3,4,4,5,5-octafluorohexane) designed in the case study employing pinch point constraints was compared with conventional fluids used in similar ORC unit applications. The conventional fluids were selected from the scientific literature [33] . The fluids were compared on the basis of three selected process metrics: Net power output, pressure ratio and degree of superheating, where the reference value of unity is relative to the global optimal fluid designed in the present study. Net power output directly indicates the performance of the cycle. A high pressure ratio can have a negative influence on the expander performance and/or expander cost. The degree of superheating is related to the heat transfer area, and therefore by implication to investment cost, for the boiler, since the heat transfer performance of vapour superheating is poor. In the comparison ( Figure 6 ), it can be seen that the generated fluid in this resulting from the current work outperforms the conventional fluids, but it also has one of the highest pressure ratios whilst keeping a low degree of superheating. However, it is worth noting that MM has more than a three-fold higher pressure ratio than the generated fluid. The low superheating is good since it means improved heat utilization and lower heat exchanger area requirements. 
Continuous-molecular targeting approach (CoMT-CAMD)
CoMT-CAMD methods are used when the combined product and process model is infeasible to solve simultaneously. In this way, the integer variables of molecular design are relaxed to obtain a continuous NLP that is easier to solve than the complete MINLP. Subsequently, molecules must be designed that have the same (or close to) relaxed molecular properties. However, since the simultaneous optimization of the fluid and cycle is possible in the case presented here, such approaches are not needed. Nevertheless, the information obtained from such a study is valuable, in that the optimal theoretical properties can be identified. In optimization, this is also termed a 'relaxed' solution. Additionally, the approach can give a good indication of the theoretical maximum objective function achievable, for a given problem. In this case, it provides an indication of how close the optimal solution from the simultaneous or decomposed solution approach is to the theoretical maximum. In order to illustrate this, a study was performed with the model and conditions presented in this paper. For the program this meant that the 21 discrete variables become free variables. This was solved and it was found that the maximum objective function was 1.6 MW, which as expected is higher than the result obtained by other methods. The product properties are given in Table 8 . The ideal gas heat capacity coefficients have no physical meaning and had to be fixed for a known fluid, here the optimal fluid from Table 5 ,. It is clear that the acentric factor has hit the upper bound. However, the marginal value reported by the solver is small (65 kW). This indicates that increasing the bound for the acentric factor would not improve the results significantly. From the databases used in this work, no fluid reported had an acentric factor higher than unity [7] . Using the CoMT-CAMD method, the task was then to find a pure fluid that matches those property values as closely as possible. With the product design MILP model used in this work (Eqs. (1)-(10) and in supplementary material Eqs. (1)-(12)), the closest integer solutions were found and are reported in Table 9 . The search space was constrained to narrow down the search around the relaxed solution: Tc between 460 and 470 K, Pc between 28 and 48 bar and ω between 0.4 and 1. However, running the ORC process design optimization the designed fluid showed that the optimal objective function is 0.7 MW for integer solution 1. This is significantly lower than that given by the relaxed solution. The remaining two solutions gave 0.6 MW. This illustrates how important the values of the pure properties are, even though they cannot be clearly correlated with the process performance. Although more integer solutions close to the relaxed solution point could be investigated and optimized in the process, this study indicates that the simultaneous approach is preferred.
UA-optimization strategy
The high correlation between Ẇnet and UArecuperator and UAcondenser with Tc and UAboiler indicate that it would be favorable to employ a new optimization strategy for this case study result. Rather than basing the optimization on the lower bound for the pinch points in the heat exchangers to reduce the capital cost, an upper bound on the UA values could be imposed instead. This would potentially address the issues with the high correlation. Furthermore, the designed optimal fluid is dependent on the process targets, in addition to the product targets. Thus, a pinch-point or UA-constrained method may yield different optimal fluids. In the current study this was demonstrated by employing UA constraints on the boiler and recuperator. The condenser was still modelled by considering a constant condensation temperature. The upper bounds were based on the pinchpoint optimization results and were selected as 1.9*10^5 W/K and 2.6*10^5 W/K for the boiler and the recuperator, respectively. The decomposed approach was also used in this case and the results depicted in Figure 7 . A similar profile is seen for the objective function, although now the upper bounds are reached for the UA constraints. This is now a comparable result for each fluid since the UA sizes are the same, with minor outliers. With this, a simultaneous solution strategy was used taking the new UA bounds. The results are summarized in Table 9 . As shown, different results are now obtained, due to the inclusion of UA bounds, and a new fluid with a higher objective function than obtained previously observed. 
SWOT analysis
The main contribution of the paper is the new simultaneous design method for the working fluid and organic Rankine cycle. Therefore, the method is now SWOT analyzed to further illustrate its benefits and limitations. The analysis is given in Table 10 . 
Strengths
Weaknesses • Fluid and cycle can simultaneously be designed and optimized. • The design time is much lower compared to conventional methods. • The design solution in the case shown here was globally optimal, which would not have been possible with other methods.
• The method requires a model for both the fluid design and the cycle process. • The problems need to be well bounded and a feasible initial point is needed. • The method is prone to uncertainties, as with any prediction method.
Opportunities Threats • New types of fluids can be designed that otherwise would not have been selected by heuristics. • The fluids designed can either be completely novel or be available from other application areas. • More sustainable fluids can be designed that comply with international regulations.
• The decomposed method can be preferred when all feasible fluid designed solutions are desired, e.g. for sensitivity studies. • Use of more complex and high fidelity thermodynamic models or process models can make the simultaneous solution of the MINLP infeasible.
Conclusions
The presented approach designed a working fluid and ORC unit that performs better than conventional fluids in terms of net power output and environmental properties with respect to global warming potential and ozone depletion potential. Furthermore, a relaxed design problem solution indicates that the problem bounds are reasonable and that the optimal solution is close to the theoretical maximum. The high sensitivity between fluid and cycle design variables experienced for state-of-the-art methods was overcome with the simultaneous approach presented and applied in this paper. Furthermore, the sensitivity is quantified and analyzed using a decomposition solution strategy where all feasible solutions were obtained. It was shown that this sensitivity could be addressed by employing a proposed UA-bound optimization strategy. The results suggest that the optimal fluid is 2,2,3,3,4,4,5,5-octafluorohexane (1.2 MW) using the simultaneous approach and fixed pinch points, and 5-chloro-4,5,5-trifluoro-2,3-dimethylpent-2-ene (1.25 MW) with the simultaneous approach and UA-bound optimization strategy. Thus, this paper presents an approach to overcome many challenges in fluidcycle design and can likely be applied in other types of cycle as well.
